Background: To provide feedback to surgeons in robotic surgery training, many
| INTRODUCTION
Over the last decades, the robot-assisted minimally invasive surgery (RMIS) has been widely accepted in the world 1, 2 and used in most specialties including urology, 3 gynaecology, 4 otorhinolaryngology, 5 and cardiothoracic surgery. 6 RMIS has many advantages over conventional laparoscopic surgery and open surgery, such as 3D vision, more flexible use of instruments, elimination of hand tremors, and ergonomics design. 7 However, with the development of RMIS, surgeons are faced with higher requirements. Skills acquired by surgeons in conventional
laparoscopic surgery and open surgery show limited transferability to RMIS, and surgeons need to spend some extra time in basic robotic skills training. 8 For example, because of the master-slave design of the surgical robot, surgeons will not directly control the instruments, resulting in a lack of tactile feedback. Therefore, in RMIS training, surgeons should master the ability to adjust the contact between the instrument and the tissue only through vision. However, it is difficult for trainees to gain a significant improvement in surgical skills only by relying on repetitive exercises. To provide the trainees with effective feedback on their performance, a reliable and effective skill evaluation tool is required as an indispensable part of RMIS training.
From a long time ago, animals and cadavers have been used as surgical operation objects for surgical training. For moral and cost reasons, simulation gradually comes into view. Simulation-based assessment has begun to cross the threshold of incorporation into mainstream skills training. 9 However, whether in simulation-based training or nonsimulation-based training, judgment by the individual standards of supervising surgeons rather than established rules will result in the skill level difference of trainees. Hence, trainees may not receive adequate practice in training programs to acquire expertise.
To improve objectivity, many surgical skill evaluation tools have been developed. The widely used tools in technical skill evaluation include Objective Structured Assessment of Technical Skills (GOALS), 11 and Global Evaluative Assessment of Robotic Skills (GEARS), 12 which are based on global ratings and task-specific lists. These methods mentioned above still require direct observations and manual marking of supervising surgeons, which makes them time-consuming.
To save the time of evaluation process, some surgical techniques, such as video analysis, 13 eye tracking, 14 crowdsourcing, 15 and electromagnetic tracking techniques, 16, 17 have been developed recently.
These methods attempt to free the training process from human observers and extract meaningful information from the human motion and physiological data. Although these methods can provide descriptive feedback on skill evaluation, how to use these techniques to establish an effective evaluation system is not resolved as yet.
In order to realize objectivity and efficiency in surgical training, automatic skill evaluation methods combining pattern recognition algorithms have been developed. Hidden Markov model (HMM) is a widely used statistics model in automatic skill evaluation methods.
Leong et al 18 have used HMMs to rank the quality of trainees' trajectories and minimize the subjective bias in skills assessment. Rosen et al 19 have compared and evaluated the statistical distance between expert surgeons and residents using trained HMMs. Poddar et al 20 have derived features from unstructured tool motion to classify a subject's skill level. Fard et al 21 have attempted to extract global movement features and combine several machine learning techniques to classify surgeons' expertise. The methods mentioned above combine multiple types of operational information to automate the classification of trainees' skill level. Although these methods improve objectivity and efficiency in surgical skill evaluation, they only
give feedback on the overall performance rather than surgical motion segments.
A complex task can be decomposed into smaller motion segments and the smallest motion segment used in a surgery is defined as "surgeme." 22 Surgeme describes individual surgical gesture, for example, "positioning needle," "orienting needle," or "pulling suture with both hands" in suturing task. Overall performance scoring only provides summative and comprehensive feedback at task level and does not show the performance of the surgical process in detail. The surgeme-based assessment approach provides insights into modular motion segments and zooms in the process details.
Generally, the first step of these surgeme-based approaches is surgeme recognition. In our work, we focus on a low-level skill evaluation, rather than overall performance. A new automatic surgical skill evaluation framework is proposed to specify trainees' surgemes with relatively poor performance in a surgical training task. It will lead to a meaningless result that some performance metrics derived from a surgeme, such as completion time and path length, are directly compared with that of other surgemes, because the characteristics of each surgeme are different. We propose to establish a template operation for each surgeme, and those surgemes in which a trainee performs far from the corresponding template operation are considered as his\her skill weakness. Surgeme-related analysis will be completed based on trainees' motion trajectories, which store kinematic and temporal data.
Several performance metrics have been utilized to describe the differences between trainees' actual operations and the template operation in different aspects.
| MATERIALS AND METHOD
The proposed framework shown in Figure 1 Symmetric DTW treats the two trajectories involved in the calculation as equal in status. All points on the two trajectories join in DTW pairing, and there is no skipped point. After the execution of symmetric DTW, two trajectories are synchronized over the common timeline whose length is determined by the DTW pairing. However, any two trajectories may result in different lengths of the common timelines, which makes it difficult to synchronize multiple trajectories over the same timeline. In contrast to symmetric DTW, asymmetric DTW specifies one trajectory as a reference trajectory whose timeline will be common for all the synchronized trajectories. Therefore, when the selection of the reference trajectory remains the same, multiple trajectories can be synchronized over the timeline of the reference trajectory. However, some points on the nonreference trajectory may be skipped during the DTW pairing, which results in a loss of partial motion information.
Firstly, we simply introduce the way of synchronizing two trajectories. Denote that {T(i) : i = 1, …, t} and {R(j) : j = 1, …, r}are multivariate trajectories that can be represented as two multidimension matrices t × N and r × N, where t and r are respectively the number of discrete points on the two trajectories, N is the number of measured variables, and i, j are the time index of T and R, respectively. By symmetric DTW, we can create K pairs of points by minimizing the cost function
where
is a warp path connecting (1, 1) and (t, r) in the t × r grid and Symmetric DTW puts all the discrete points into the matching process, but it cannot synchronize multiple trajectories. By comparison, asymmetry DTW makes synchronized trajectories have the same duration but with some discrete points left out. In order to synchronize more than two trajectories without losing motion information, we referred to the method that Kassidas et al 31 used in data analysis.
By using the method proposed by Kassidas et al, we can combine the advantages of both symmetric and asymmetric DTW. In our study, this
The proposed skill evaluation framework for robot-assisted minimally invasive surgery (RMIS) training method was used to synchronize multiple trajectories. After that, the points aligned with the same time index clustered and generated a crucial point (namely, a cluster core). All the crucial points formed the template trajectory we needed. The specific scheme is described as follows: 
where u = 1, …, b ref is the time index of both e B α and B. B is the template (average) trajectory extracted from multiple expert trajectories. Figure 2 illustrates the extraction process of the template (average) trajectory by the extended DTW algorithm.
After synchronization, speed variation between each expert trajectory and the reference trajectory has been filtered, which lets the template trajectory be distributed over the timeline of the reference trajectory. In addition to the spatial distribution of the template trajectory, we can also obtain the temporal information from its timeline.
After manual segmentation of the template trajectory, the corresponding time period of each surgeme will be obtained. Moreover, average velocity and path length can be further calculated. HMM is a statistical model, which is used to describe a Markov process with implicit unknown states. This algorithm has been widely used in the fields of speech recognition, behaviour recognition, and fault diagnosis. In our work, HMM was applied in task segmentation and surgeme recognition, more specifically, classification of motion trajectory states.
| Surgeme recognition
An HMM denotes the relationship between hidden states Q = (q 1 ,
described by three parameters:
• A , the state transition probability matrix.
• B, observation probability distribution.
• π, the initial state distribution.
The process of a task is divided into several surgemes, which can be regarded as the hidden states of the HMM. These states include not only the skill-related states but also the states of beginning and ending. A combination of different types of operation information will be selected as the feature vector of observed data. In order to avoid exhaustion of all possible feature vectors, the observation probabilities were modeled by a Gaussian mixture model (GMM) including several single Gaussian models (SGMs). If X is a D-dimensional feature vector, sis a hidden state, and the observation probability can be represented as
where ϕ l is the mixture weight of the SGM l with mean vector μ l and covariance matrix ∑ l .
When CHMM (namely, HMM-GMM) for the task was trained, the model would be used to decode new observed data and find the optimal state sequence based on Viterbi algorithm. By this means, each surgeme of the training task could be recognized. The theory of surgeme recognition is described (Figure 3 ).
After the entire trajectory was divided into different states, the completion time and path length of each surgeme were also obtained.
Each skill-related surgeme was evaluated by using several performance metrics, which is detailedly described in the next section.
| Surgeme evaluation
In order to transform the skill performance in each surgeme into numerical metrics, kinematic analysis based on motion trajectories was carried out. Performance metrics used in our work include the following:
• Time deviation: difference between a trainee's completion time and the template time in each surgeme.
• Speed deviation: difference between a trainee's average speed and the template speed in each surgeme.
• Motion economy: the ratio of the length of a trainee's trajectory to the length of the corresponding template trajectory in each surgeme.
• Similarity evaluation function (SEF): the trajectory is compared with the template trajectory representing a high-level performance based on DTW. The comparison result will reflect the difference between a trainee's motion trajectory and the template motion trajectory in spatial distribution. 32 However, it should be noted that the sampling frequency is not guaranteed to be the same and that each type of surgeme may have a different basic path length. These facts become the external factors besides the trainees' operations that directly affect the pair number K and hence finally have an impact on the similarity distance. To mitigate the effect of external factors, a SEF is defined as
Compared with the direct use of DTW in similarity evaluation, SEF filters the effect of external factors and allow the comparisons among a trainee's different states.
Motion economy and SEF show the difference between a trainee's actual trajectory and the template trajectory in a relative manner. In order to evaluate the differences between the trainees' operations and the template operation in completion time and speed, we further calculate time deviation and speed deviation in kinematic analysis. We will finally use performance metrics including time deviation, speed deviation, motion economy, and SEF to distinguish the skill weakness.
We hypothesize that scores of some performance metrics derived from the underperforming surgemes will be conspicuous in the comparison with that of other surgemes. In next section, we will show the details of validation experiment about this hypothesis.
| EXPERIMENT
In the previous sections, we have proposed a surgeme-related evaluation framework based on DTW and CHMM. In this section, we validate the proposed framework with the peg transfer task as an example.
| Subject information
Four experts and 10 novices participated in this experiment. Two experts (ID = 3, 4), as supervising surgeons, only managed manual
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scoring. Other people, as subjects, were involved in the operation of peg transfer task. All these subjects are right handed. The novices are all medical students aged between 22 and 25 without any previous experience for laparoscopic surgery or robot surgery. The information of four experts is shown in Table 1 . Prior to the beginning of this experiment, all the subjects had learnt about the requirements and technical essentials of peg transfer task through the example video.
Each subject repeated the task 30 trials. It should be noted that even when many errors occur or subjects feel their poor performance, the task cannot be interrupted until it is completed. Among these trajectories, 2 × 20 trajectories from two experts were used to extract a template trajectory, 2 × 10 trajectories from two experts and 2 × 30 trajectories from two novices were used to train CHMM for this task, 8 × 10 trajectories from eight novices were used to validate the accuracy of trained CHMM, and 8 × 30 trajectories from eight novices were evaluated by several performance metrics. These trajectories for different purposes could not be reused, except that those used once in validation could be used in evaluation again, because the results of the two experiments did not interfere with each other.
| Experiment setup
Virtual reality training has many advantages, such as providing multiple training environments, real-time information collection, and individualized planning. In order to facilitate experimental verification, we set up a simple VR-based training platform with the functions of real-time simulation and data acquisition, as shown in Figure 4 . The frequency of data acquisition was set at 33 Hz.
We modelled the laparoendoscopic single-site surgery (LESS) robotic arms 33 In our work, the peg transfer task was chosen to validate the surgeme evaluation framework. The structure of this task was clear and simple, and it was easy for us to verify the accuracy of CHMM recognition. As shown in Figure 5 , the entire task process could be divided into five surgemes (states). States 2 to 4 were the skill-related surgemes to be evaluated in our work.
| Recognition accuracy test
In our work, X − Y − Z position, velocity direction, and grasping force were the elements of feature vectors used as the input to train CHMM. Before using the trained five-state CHMM for surgeme recognition, recognition accuracy of the model was verified. In this test, the recognition result by CHMM was matched with that of manual recognition via frame-by-frame video or 3D trajectory graph analysis.
We invited two expert surgeons (ID = 1, 2) to watch the recorded experiment video and manually mark the time period of each state.
After CHMM recognition, if the time label of a discrete point generated by an identified surgeme fell in the corresponding time period, the point was considered to be correctly classified. The result of manual recognition was considered as a reference. In a trajectory sample, if the number of points classified correctly is defined as Num_correct and the number of all points is defined as Num_whole, the accuracy algorithm can be described as 
FIGURE 4
The experiment platform
The result of this test can be viewed in Table 2 .
As Table 2 shows, the recognition accuracy of our trained CHMM is more than 90%, which proves the reliability of the model for this task.
| Template trajectory of the peg transfer task
2 × 20 trajectory samples from experts are shown in Figure 6 . The extracted template trajectory of the whole task is shown in Figure 7 .
In order to evaluate the trajectory generated by every surgeme respectively, the template trajectory was also divided into multiple states. However, in the extraction process, the template trajectory only retained the temporal order and position information but not the force data, so its states were classified manually. In the course of the experiment, the template trajectory was found to have very clearly defined features, which was similar to the finding of Lin et al in. 24 Therefore, we invited an expert surgeon (ID = 1) to observe the 3D graph of the template trajectory and segment it according to key motion features. As shown in Figure 8 , different colors represent the five different states.
| RESULTS AND ANALYSIS
In this test, states 2 to 4 representing skill-related surgemes of the peg transfer task were evaluated using performance metrics including time 
FIGURE 5
The process of the peg transfer task FIGURE 6 2 × 20 expert trajectories recorded in the peg transfer task
The extracted template trajectory
FIGURE 8
The template trajectory with classified states deviation, speed deviation, motion economy, and SEF. The mapping between a subject's trajectory and the template trajectory in each state is shown in Figure 9 .
Automatic evaluation results of eight subjects in peg transfer task are shown in Table 3 . By observing Table 3 , we observe that all the subjects, except for subject 3, had greater average time deviation and motion economy in state 4 than other states. All subjects had greater average SEF scores in state 3 than other states. The average time deviation and motion economy of subject 3 seemed generally balanced in all states. Average speed deviation did not show any common results among all the subjects.
All kinds of performance score distribution in peg transfer task are shown in Figure 10 . According to Figure 10 , we can easily distinguish the states where subjects were more likely to perform far from the template operation in different aspects. For motion economy and time deviation, subjects generally spent more time and generated longer paths than other states in state 4; for SEF scores, there was a greater difference in spatial distribution between the actual trajectories and the corresponding template trajectory in state 3; for speed deviation, subjects generally performed all the states at a higher speed than the template, and their speed deviation results had no bias to a particular state.
In order to validate the effectiveness of the proposed framework, we invited two expert surgeons (ID = 3, 4) to watch recorded videos and evaluate the skill performance of subjects in various states, where the final score of each item was determined by the average score from two experts. To improve objectivity, the expert surgeons were supposed to use a widely accepted scoring system in skill evaluation.
However, to the best of our knowledge, there has been no existing scoring criteria for evaluation of surgemes. Therefore, a scoring list was made for surgeme evaluation, which includes an assessment of "time and motion," "instrument handling," and "efficiency," as shown in Table 4 . These items applied in our work come from OSATS or GOALS. Other items of OSATS and GOALS are not taken into consideration for the time being. We will further study the application of other items in surgeme evaluation in the future.
FIGURE 9
The mapping between a subject's trajectory and the template trajectory in each state Manual scoring results of eight subjects are shown in Table 5 . As shown in Table 5 , the result of manual scoring is a good description of the experts' direct observations. The direct observations of two experts are the following:
• For those items analyzed by expert surgeons, all subjects generally had the best skill performance in state 2 compared with other states, because they only needed to pick up the ring along the axis of the peg. In state 2, it was not very challenging for subjects to complete the surgeme, hence they made few ineffective efforts.
As a result, they did not normally spend much extra time and motion relative to the template in this state.
• The greatest difference in spatial distribution between subjects' actual trajectories and the corresponding template trajectory appeared in state 3. Subjects were asked to move the ring as horizontally as possible. Although they did not spend much extra time and motion on the completion of this surgeme, the height of ring was often changed in the process because of hand tremor or subjective will of the subjects, making the trajectory of this state appeared steep and wavy.
• Subject 3 had the distinct performance compared with other subjects. Even though the trajectories of subject 3 also showed not very smooth and fluid in state 3, this subject generated very few errors and ineffective movements in all states. Therefore, subject
FIGURE 10
The distribution of performance scores in peg transfer task Uncertain, inefficient efforts, many tentative movements; constantly changing focus or persisting without progress Slow, but planned movements are reasonably organized Confident, efficient, and safe conduct; maintain focus on task until it is better performed by way of an alternative approach.
3 did not spend much time and motion to fix errors, and his (or her) operations showed highly efficient. However, in state 4, other subjects generally completed this surgeme accompanied with tentative attempts, because subjects needed to carefully align the axis of the ring with that of the peg.
The correlation coefficients between performance metrics of this proposed framework and items of manual scoring are shown in have been identified as the skill weakness for most of subjects in peg transfer task, where subjects need to improve the ability of instrument handling and efficiency, respectively.
| DISCUSSION AND CONCLUSION
With the development of minimally invasive surgery, surgeons are faced with higher requirements of skill level and safety awareness.
Surgeons need a lot of training before they are officially licensed for robotic surgery, thus to migrate their general surgical knowledge to robotic surgery. With external guidance and feedback, surgeons can obtain a faster learning curve in the training task. 34 When trainees are aware of their technical shortcomings, they are able to allocate their more time and attention to practice underperforming surgemes, thus achieving faster breakthroughs in skill levels. However, to the best of our knowledge, most studies focus on the skill level classification at the task level. Therefore, we proposed an evaluation framework mainly based on DTW and CHMM to help the trainees obtain feedback on their own skill weakness.
The proposed framework was to evaluate the trainees' surgemes by analyzing the motion trajectories of the instrument end. In our work, motion trajectories stored the kinematic data, which could be regarded as discrete time series. A template trajectory was extracted from a 
FIGURE 11
The results of correlation analysis number of expert trajectories. CHMM was used to recognize different surgemes (states) of a training task. The trajectory of each surgeme was compared with the corresponding template trajectory by using several performance metrics. In the validation experiment, four experts and 10 novices were invited to participate in the peg transfer task. Trajectories of eight subjects (novices) were evaluated by proposed framework and manual scoring at the same time. Performance metrics, except for speed deviation, have been proved to be significantly correlative with those scored by expert surgeons. The feasibility of the proposed evaluation framework has been preliminarily verified.
As far as surgical operations are concerned, experienced surgeons may produce a variety of motion trajectories in the same surgical task, because they have different ways of thinking and habits. However, for novices, they may start with imitating expert surgeons' motions, which can represent a high-level operation. Therefore, in our work, extended DTW was used to synchronize multiple expert trajectories over the common timeline, and an extracted average trajectory was obtained as a template trajectory. Through symmetric and asymmetric DTWs, synchronized expert trajectories had the same duration, and the points that described the same motion feature were aligned with the same time index. In the next step, the noise data caused by hand tremor during the experts' motions could also be eliminated in the average process. Therefore, the template trajectory finally retained the "crucial points" that described the surgeme. There are other methods, which mainly apply clustering algorithms to get these "crucial points"
(clusters), such as K-means and hierarchical agglomerative clustering (HAC). 35 However, K-means has some shortcomings, such as hard determination of the cluster number and being easily affected by extreme values, while HAC is faced with the high cost of computing and storage. By contrast, this DTW-based approach has the advantages of being faster, requiring no initialization, and not falling into local optimality.
A complete surgical task can be divided into several surgemes. In order to identify each surgeme, CHMM was applied in surgeme recognition, which was inspired by speech recognition. Table 2 shows the high accuracy of trained CHMM.
In our work, performance metrics including time deviation, speed deviation, motion economy, and SEF scores were derived from the recorded kinematic data. These performance metrics were indicative of the differences between trainees' actual operations and the template operation in different aspects. The difference in spatial distribution between actual trajectories and the template trajectory was evaluated by SEF. Before the evaluation of this spatial difference, the similar points on two trajectories should be matched. However, matching discrete points on the same time index of two trajectories
is not authentic because of the variation in motion speed. Also, the approach that a point on one trajectory finds the geometrically closest point on another trajectory as a similar point will also lead to incorrect results, because the temporal order of trajectories is ignored. By contrast, DTW completes the dynamic matching between trajectories, taking into account both speed variation and temporal order. SEF based on DTW is further calculated to describe the average position deviation, which eliminates the effect brought by external factors.
In the validation experiment, we compared the results of proposed automatic evaluation framework with that of manual scoring.
As shown in Figure 11 , time deviation and motion economy show significantly correlated with "time and motion" and "efficiency"; SEF shows significantly correlated with "instrument handling"; speed deviation is not found to be significantly correlated with any item. State 3 and state 4 have been identified as the skill weakness for most subjects by this proposed framework, which is consistent with the result of manual scoring.
The feasibility of this proposed framework has been preliminarily There is still some work to be done surrounding this framework. In this work, we studied the feasibility of this proposed framework using a VR-based training platform, and the validation experiment was only implemented in peg transfer task, which is a complex low-level task. In the future, more validation experiments should be conducted in different types of training platforms and high-level tasks. Moreover, the validity of this proposed framework was only verified in partial items of manual scoring. Other items like "use of assistants" and "respect for tissue" should be further taken into account, even though it will be a difficult work.
